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Based on realistic measurements in China, shadowing characteristics at the frequency of 2350MHz were investigated in typical
High-Speed Railway environments. After confirming that the measured shadowing satisfies wide-sense stationarity (assessed via
the reverse arrangement test method), we quantify the shadowing correlation. Three types of correlation models are compared for
the shadowing characterization, and the Normalized Mean Square Error is used to determine the best matching model: a single
decaying exponential function. Decorrelation distances were found to be 11.9m, 17.7m, and 8.3m in our three HSR scenarios,
respectively. The results should be useful for the evaluation and verification of wireless communication in High-Speed Railway
scenarios.
1. Introduction
It is becoming increasingly apparent that providing broad-
band wireless communications to high-speed trains is a
particularly important and challenging task. Passengers and
railway operators are eager for higher data rates and more
reliable wireless communications between the train and
trackside networks, independent of their locations or speeds.
For the design and performance evaluation of wireless
communication systems in High-Speed Railway (HSR) sce-
narios, it is of crucial importance to have accurate and
realistic propagation channel models between the train and
ground stations. Shadow fading is the large-scale fluctua-
tion of the signal envelope due to large (with respect to
a wavelength) objects obstructing the propagation paths
between the transmitter and the receiver. The shadowing
obstacle absorbs and/or blocks the transmitted signal and
determines the relatively slow signal variations with respect
to the nominal value given by path loss models. Hence the
shadowing characterization results are usually used to adjust
link budget path loss calculations for statistical coverage
estimates in wireless network planning. An effect analogous
to obstruction can also be observed in some channels with a
line-of-sight (LOS) component, in which multiple reflections
can induce relatively slow variation (in addition to the more
rapid small-scale fading).
Previous work shows that the shadowing effect sig-
nificantly affects handover behavior, intra- and inter-cell
interference, and the diversity performance. For the HSR
propagation environment, the shadowing effect is of primary
importance for wireless network planning. To date, there has
been increasing published literature on this research topic.
Several shadowing models for open terrain settings have
been proposed [1–5]. Several shadowing models are char-
acterized by the independent log-normal random variable,
from sample to sample. Due to the nature of the propagation
environment, the shadowing effect for a radio link over
some range of locations will not change significantly: the
shadowing samples are in fact correlated. In [6], a spatial
correlation model was established for cellular settings using
an exponential function; shadowing correlation decreases as
the receiver moves. Another kind of correlated shadowing
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model considering the angular direction is very useful to
characterize the correlation between two links that involve
a single receiver and two base stations, for example, [7,
8] by Graziosi. The effects of correlation of shadow fad-
ing affect the links between the mobile terminal and the
various base stations, which are important to determine
interference statistics and to drive handover operations in
cellular networks. Taking this correlation into account, the
researchers used the exponential function to characterize
the shadowing effect for the open hilly HSR terrain [9]. In
the published results, when extracting the autocorrelation
properties of shadowing samples, researchers used the basic
definition of the correlation, as expressed in equation (6)
in [10]. The correlated samples, equally spaced by distance
Δ𝑑, may be gathered from one measurement run. In order
to gather reliable statistics, these experimental data should
be statistically stationary. However, previous research simply
assumed that the experimental shadowing data is stationary.
In this paper, we analyze the characteristics of the shad-
owing effect in typical HSR environments. After extracting
the statistical properties of the shadowing effect, we employ a
reverse arrangement test to verify the wide-sense stationarity
(WSS) of shadowing records. Based on the verification of
stationarity, we can (i) set any geographical point between the
transmitter and receiver as the starting position for correla-
tion estimation and (ii) extract the channel parameters from
one measurement run rather than the ensemble averaging
the samples from multiple measurements in homogeneous
propagation environments. Then we compare three corre-
lation models for the shadowing characterization, and the
NormalizedMean Square Error (NMSE) is used to determine
the best fitting model.
The rest of this paper is organized as follows. In Section 2
we describe the measurement campaigns and work sites. In
Section 3, path loss models including the path loss exponent
and statistical properties of shadowing effects are extracted
using the least square estimation method. In Section 4,
the stationarity of shadowing samples using the reverse
arrangement method is demonstrated, and then three types
of correlation models are fit to the measurement data. The
conclusions are drawn in Section 5.
2. Measurement Descriptions
Theradio environments of interest were probedwith thewell-
accepted wideband channel sounder Propsound developed
byElektrobit.The transmitter uses a loadable rectangular chip
sequence as the excitation signal. At the receiver, the channel
impulse response (CIR) is obtained by a sliding correlator that
correlates the received wave with a copy of the transmitter
sequence. The measurement parameters are listed in Table 1.
GPS receivers were used at both the transmitter and receiver
for distance determination and synchronization.
Typical HSR terrains, the open viaduct (OV) and tree-
blocked viaduct (TBV), which can incur the seasonal effects,
and the open railway cutting (ORC) environments are
considered in this paper. The viaduct is a long bridge-like
concrete structure, built over the ground with height of
approximately 10m–20m. The viaduct is one of the most
Table 1: Channel measurement campaigns on HSR.
Item Value





𝑚 sequence length 127






𝑚 sequence length 127
Power (TBV and ORC) (30.8, 32.7) dBm
common environments in HSR (occupying 80% of the entire
HSR, both in operation and under construction).The railway
cutting is a specific construction of railway with sloped
sidewalls, where soil or rock material from a hill or mountain
is cut out to make way for a railway line.
In this paper, the OV experimental data was gathered
from the measurement conducted on the Beijing-Tianjin
(BT) HSR.The propagation environment was open and clear.
It was composed of the viaduct and roadbed and covered
with agricultural fields. No obstruction could be observed in
the signal path. Technically, with no obstruction of the LOS
component, the physical effect is not actually shadowing, but
rather the large-scale variation of power due to multipath
components whose effect can be analyzed analogously to the
actual obstruction case. This measurement was performed in
winter, 2011. For brevity, we do not include extensive details
here; more detailed description can be found in [2]. In LOS
propagation environment, the variation of path loss is caused
(almost surely) by other multipath components (generally
we would call this small-scale effects). The variation of path
loss in LOS settings is an inherent characteristic of the way
we model path loss. If the distance dependent component
of path loss is removed, in LOS settings, what remains must
be the multipath. For some geometries, this multipath (e.g.,
surface reflection) can indeed vary slowly, hence taking on
the appearance of a large-scale effect.
The measurement data from the TBV and ORC envi-
ronments are obtained from the measurement campaigns
conducted on Zhengzhou-Xi’an (ZX) HSR in summer, 2012.
The propagation sites are shown in Figures 1 and 2, respec-
tively. In the measurement runs, the receiver equipment was
positioned on a test train. A carriage-roof mounted antenna
was directly linked to the receiver to avoid the penetration
loss from the metal train body.
In the TBV terrain, the transmitter and rail-track were
separated by a distance of 92m.The transmitter antenna was
raised approximately 5m high by a lift tower. This tower









Figure 2: Propagation condition of the ORC on ZX HSR.
was located on the roof of a two-floor building with the
height of 8m which yielded the same height as the viaduct
nearby. The transmitter (𝑇𝑥) antenna was thus at a height
above ground of 13m. Trees obstructed a significant portion
of the propagation path. During the days in or around
summer, thick trees around the rail will block the train-
ground propagation link, causing deeper signal variation.
This terrain is considered as the non-line-of-sight (NLOS)
scenario and is the main difference between the OV and
TBV environments. In the ORC scenario, the transmitter
antenna was placed on an overbridge across the RC and
raised approximately 8.8m. The measured cutting was near
the HuaShan North Station, with a depth of about 5m and
a length of 2000m. There are no obstacles in the signal
path, which makes the RC scenario another typical LOS
propagation scenario.
3. Shadowing Fading Characterization
To investigate the shadowing effect, the power attenuation,
namely, path loss, needs to be extracted first. Commonly, the
received power attenuation depends on the distance between
the transmitter and the receiver. Here the received signal
power at the time index 𝑡av, which corresponds to the set of
geographical measurement positions, can be calculated as








where 𝑡rep stands for the snapshot repetition rate, 𝐿 is the
number of the discrete multipath components, Δ𝜏 denotes
the time delay resolution, ℎ(𝑛𝑡rep, 𝑙Δ𝜏) represents the CIR at
the 𝑡rep repetition sample instant, and 𝑊 is the width of the
averaging window over which the small-scale fading effect
(multipath component and Doppler shift) can be removed.
Here twenty wavelengths (2.6m) yields at a relative speed
of 200 km/h an averaging time interval of 𝑡av = 47ms, that
is, 𝑊 = 40 snapshots. After obtaining the received power
versus the distance between the transmitter and the receiver,
the empirical path loss model in decibels can be used for the
power attenuation prediction as
PL (𝑑) = 𝐴 + 10 ⋅ 𝑛 ⋅ log 10 (𝑑) + 𝑋𝜎, (2)
where 𝑑 is the link distance in meters, 𝑛 is the path
loss exponent, 𝐴 is the intercept, and 𝑋𝜎 represents the
shadowing term. In the measurement data processing, the
linear regression based on Least Squares is employed to
estimate 𝐴 and 𝑛. Since the shadowing introduces additional
power fluctuations and causes the received local-mean power
to vary around the area-mean, the shadowing samples are
obtained by subtracting the least-squares interpolated loss
model values (2) from the actual measurement data found via
(1). When employing the most commonly used log-normal
process for the characterization of shadowing, the shadow
fading process can be parameterized as a set of zero-mean
Gaussian random variables with different standard deviation
values as
𝑋OV ∼ (0, 2.02) , 𝑑 > 80, (3)
see [2]
𝑋TBV ∼ (0, 2.512) , 𝑑 > 90,
𝑋ORC ∼ (0, 1.862) , 𝑑 > 40,
(4)
where𝑋TBV and𝑋ORC are computed by using the experimen-
tal data from the ZX HSR.
It is obvious that the standard deviation value of the
open terrain is smaller than that in the tree-blocked terrain.
This result is identical with the previous empirical studies
which suggest that 𝑋𝜎 should increase with the density of
obstructions and scatterers. In the open environment the
variation of the signal strength is attributed to the changes in
reflecting surfaces and scattering objects. It is is an inherent
characteristic of the way we model path loss. When the
surface reflection varies slowly, as noted, this can take on the
appearance of a large-scale effect. Furthermore, the standard
deviation for the ORC scenario is less than the value in the
OV environment. This is because the 𝑇𝑥-to-𝑅𝑥 link distance
of the ORC environment is smaller than the OV model. The
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average attenuation of 𝑋𝜎 from reflection objects increases
with the distance due to the potential for a larger number
of attenuating objects at larger distance. Therefore, the signal
variation in ORC is smaller than the result in OV.
4. Validation of Stationary Shadowing Samples
4.1. Motivation. When characterizing the shadowing effect,
which is considered a random process, the properties of this
phenomenon can be hypothetically characterized at any time
instant by computing average values over the sample col-
lection that describes the random process. In most previous
research, the experimental shadowing data is simply assumed
stationary.
(1) Ensemble Average. For the general case where the mean
value (first moment) and the correlation value (second
moment) of the random process do not vary with the
observation time 𝑡, the random process is said to be wide-
sense stationary. Contrarily, the properties of a nonstationary
random process are generally time-varying functions. The
functions can only be determined by performing averages
over the ensemble of sample functions forming the process.
A good estimate of the autocorrelation coefficient in data
processing requires ensemble averages (statistical averages)
by taking as many samples as possible into account. Ergod-
icity is typically assumed, and measurements are taken for
all possible shadowing samples at each specified geographical
position. It is infeasible to obtain very large data sets in
HSR channel measurements due to the great expense [11].
Additionally, in published documents, the auto- and cross-
correlation properties are calculated by using the assumed
definition of the sample correlation, as expressed as equation
(6) in [10]. The correlated samples, equally spaced, may
be gathered from one measurement run. However, most
correlation investigation does not consider the stationarity
verification.
(2) Determination of Initial Distance. In [6], Gudmundson
proposed an exponential correlation model ((5) discussed
in Section 4) to describe the correlated shadowing effect in
cellular settings. It is logical that this model is infeasible
when simulating the correlated shadowing sequence if WSS
does not hold. The reason is that the correlation value at
an arbitrary two geographically separated positions may
vary from position to position if the shadowing samples are
nonstationary.The autocorrelation value in (5) is normalized
according to a starting position 𝑥0, and it is position-
dependent. However, when simulating nonstationary cor-
related shadowing sequences, other than via site-specific
measurement data, one does not have information on how
to select the actual autocorrelation value. For example, let
us assume that the mobile terminal begins at the initial
transmitter receiver distance 𝑥1 with a speed of V; this initial
distance 𝑥1 is independent of the initial separation distance𝑥0 in the channel characterization model; generally 𝑥1 > 𝑥0
(𝑥0 = 0m in [12]).
If the experimental samples are stationary, two problems

















































Figure 3: Examination results for WSS shadowing characteristics.
The solid blue lines denote the mean values of sequential mean
square values. (a) Mean square values of subinterval shadowing
samples from the OV environment. (b) Mean square values of
subinterval shadowing samples from the ORC. (c) Mean square
values of subinterval shadowing samples from the TBV.
experimental data fromonemeasurement run for the channel
parametrization instead of ensemble averages (statistical
averages) by taking all possible samples into account; (ii) we
can set any geographical point between the transmitter and
receiver as the starting position when simulating the corre-
lated shadowing sequence or characterizing the correlation
model.
4.2. Stationarity Verification Method. In practice, measure-
ment data are often collected under circumstances that do not
permit an assumption of stationarity based on simple physical
considerations. We use the reverse arrangement (RA) test for
testing stationarity. This method does not require knowledge
of the sampling distribution. The procedure is described in
the Appendix.
By using this method, we divide the overall shadowing
sample (Gaussian RVs in the dB scale) records into 𝑁 = 20
equal time intervals and then compute the mean square val-
ues within each interval (𝑥21, 𝑥22, 𝑥23, . . . , 𝑥220). Figure 3 shows
the 20 subinterval mean square values estimated during the
test. It shows that there are small changes, including small
positive and negative shifts about the mean value.
From the equation (4.51)–(4.53) in [13], we can get the
total number of reverse arrangements 𝐴OV = 74, 𝐴ORC =111, and 𝐴TBV = 79 from the experimental data of the ORC,
OV, and TBV, respectively (see the Appendix for details).
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Independent log-normal shadowing samples
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Figure 4: Comparisons of the simulated independent sequence and experimental result. The solid blue line denotes the simulated
independent shadowing samples obeying the distribution of (3).The solid red line represents the experimental samples from themeasurement
data in ORC.
Since the obtained reverse arrangements, 𝐴OV, 𝐴ORC, and𝐴TBV fall within the range between the probabilistic thresh-
olds of 64 and 125, the hypothesis of stationarity is accepted at
the 95% significance level, meaning that the shadowing sam-
ple data can reasonably be assumed to be WSS. By using this
result, we can extract the correlation values corresponding to
different intervals from one measurement run.
4.3. Best Fit Autocorrelation Model. Equations (3) and (4)
give the distribution parameters of the shadowing recordings.
Generally, the high-speed train runs in a wide geometrical
space. Due to the nature of the propagation environment, the
size or shape of obstructing objects in the signal path, and
reflecting surfaces being relatively large, the shadowing effect
for the same radio link at the nearby locations will not change
significantly. That is to say, the shadowing experienced on
nearby propagation paths is related. Figure 4 plots the
comparison result of the simulated independent shadowing
sequence and the experimental data gathered from the ORC
environment. The measured results explicitly show that the
neighboring experimental samples appear highly similar and
are not independent. For this reason, the autocorrelation
function can be applied to characterize the shadowing effect,
which can improve the realistic accuracy of propagation
models. The correlated model describes the autocorrelation
of shadowing decreasing with increasing distance separation.
The single correlated negative exponential model proposed
by [6] was modified as [12]
𝑟𝑠 (𝑑) = 𝑒−|V𝑡−𝑥0|/𝐷 = 𝑒−𝑑/𝐷, (5)
where V denotes the mobile velocity, 𝑥0 refers to the starting
distance separation between the transmitter and receiver, and
𝑡 represents the sampling interval. Thus, |V𝑡 − 𝑥0| = 𝑑 stands
for the distance between the current observation position and
𝑥0. 𝐷 is called the decorrelation distance, which is an area-
dependent value. The distance 𝐷 is taken for the normalized
autocorrelation to fall to 0.37 (𝑒−1). Note that the result of
the correlated model is the correlation coefficient; that is, this
correlated exponential model is normalized.
By using the result from our WSS verification, correlated
shadowing results from one measurement run, having the
same spatial intervals, can be used for ensemble averages.
We denote all the gathered shadowing samples from overall
snapshots by a measurement set 𝑆 = {𝜀1, 𝜀2, . . . , 𝜀𝑠} and
define Δ𝑑 as the separation distance between two sequential
samples. The stationarity property allows us to express the
autocorrelation only as the function of the interval of time
or space. Thus, by using the time-distance relationship,
the autocorrelation coefficient 𝜌(Δ𝑑) of shadow fading is
estimated over set 𝑆𝑞 at a series of discrete distances Δ𝑑 as
𝜌 (Δ𝑑)
= ∑(𝑖,𝑗)∈I𝑘 (𝜉𝑖 − 𝜇𝑘1) (𝜉𝑗 − 𝜇𝑘2)
√∑(𝑖,𝑗)∈I𝑘 (𝜉𝑖 − 𝜇𝑘1)2 ⋅ √∑(𝑖,𝑗)∈I𝑘 (𝜉𝑗 − 𝜇𝑘2)2
, (6)
where I = {(𝑖, 𝑗) : (𝑑𝑖 − 𝑑𝑗) = 𝑑; 𝜉𝑖, 𝜉𝑗 ∈ 𝑆𝑞}. In (6), 𝜇1
and 𝜇2 are the mean values of sets {𝜉𝑖 : 𝜉𝑖 ∈ 𝑆; 𝑖, 𝑗 ∈ I} and{𝜉𝑗 : 𝜉𝑗 ∈ 𝑆; 𝑖, 𝑗 ∈ I}, respectively.
If observation samples are equally spacedΔ𝑑 on a straight
track line, the exponential form of (5) can be modified
to take the form of a stationary model. Then stationary
6 International Journal of Antennas and Propagation
autocorrelation value of two observation locations with a
larger separation distance of 𝑘Δ𝑑 satisfies
𝑟𝑚 (𝑘Δ𝑑) =
𝑘⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞𝑒𝜌𝑠 ⋅ 𝑒𝜌𝑠 ⋅ ⋅ ⋅ 𝑒𝜌𝑠 = 𝑒𝑘⋅𝜌𝑠 , (7)
where 𝑟𝑚(Δ𝑑) = 𝑒𝜌𝑠 denotes the autocorrelation coefficient
of the neighboring position spaced by a distance Δ𝑑 (here we
useΔ𝑑 = 1m) and 𝑘 is a positive integer. Physically speaking,
autocorrelation property of the stationary shadowing effect is
dependent on the observation separation but independent of
the initial position.
For the comparison, two additional correlation models
are considered.
(1) The Gaussian Model. This model (also for cellular cover-
age) was proposed to obtain a definite second derivative of
the correlation function at the origin as [14]:
𝑟2 (𝑑) = 𝑒−(1/2)(𝑑/𝐷𝑐)2 , (8)
where𝐷𝑐 is the modified decorrelation distance.
(2)The Biexponential Model. This model was proposed in [15,
16] for the cellular and mobile satellite channels, respectively,
as
𝑟𝐷 (𝑑) = 𝑎𝑒−𝑑/𝐷1 + (1 − 𝑎) 𝑒−𝑑/𝐷2 , (9)
where both 𝐷1 and 𝐷2 are tunable parameters. The double
exponential decay model provides a better match to the
empirical autocorrelation function in certain terrain.
With the nonlinear least-squares estimation method, we
can obtain the channel parameters with respect to (3) and
(4) for the three areas, OV, TBV, and ORC, respectively. We
quantify the “difference” between the extractedmodel and the
measurement data by using NMSE. NMSE is expressed as
NMSE = norm |𝑟 (𝑑) − ?̃? (𝑑)|
norm |𝑟 (𝑑)| , (10)
where norm denotes the Euclidean length.
Figure 5 plots the results of the measurement data and
the three types of models against the separation distance in
the OV, TBV, and ORC cases, respectively. By observation
of Table 2 and Figure 5, we can find that Model 1 matches
the measured data better than Model 2 and Model 3. Model
3 performs only slightly worse than Model 1 but is more
complex, with two parameters instead of one.
Figure 6 provides a comparison between the extracted
results and several commonly used cellular channel models
against the separation distance between the transmitter and
the receiver. It is obvious that, in open environments, that is,
OV orORC environments, the sequential shadowing samples
show lower correlation than the result of the TBV envi-
ronment. This is expected, as we have previously described.
The LOS scenariomakes the correlated sequential shadowing
samples change more rapidly. In TBV, however, the path
strength changes less rapidly due to the nearly homogeneous
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Figure 5: Comparisons of three autocorrelation shadowing models
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Figure 6: Correlation values against the transceiver separation.
for the cellular system are compared. In [12], decorrelation
distances in Suburban Macro (SMa), Urban Macro (UMa),
and Rural Micro (RMa) areas are relatively large, approxi-
mately 40m, 37m, and 37m, respectively. In Urban Micro
(UMi) areas, though, the decorrelation distance decreases to
as low as 10m because the propagation link is fully shadowed
by dense concrete buildings. In this figure, it also can be
observed that the correlation values in SMa, UMa, and RMa
are larger than in open HSR terrains. We hypothesize that
the differences are attributable to the following reasons. First,
the operating frequency is different. Results of SMa, UMa,
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Table 2: Channel measurement campaigns on HSR.
Model 1: 𝑟𝑚(𝑘Δ𝑑) = 𝑒𝑘⋅𝜌𝑠 , 𝜌𝑠 = −1/𝐷 Model 2: 𝑟2(𝑑) = 𝑒−(1/2)(𝑑/𝐷𝑐)2
Value 𝐷 NMSE Value 𝐷𝑐 NMSE
OV 11.9 0.25 8.2 0.37
TBV 17.7 0.25 14.4 0.41
ORC 8.3 0.40 6.6 0.47
Model 3: 𝑟𝐷(𝑑) = 𝑎𝑒−𝑑/𝐷1 + (1 − 𝑎)𝑒−𝑑/𝐷2
Value 𝑎 Value 𝐷1 Value 𝐷2 NMSE
OV 0.86 13.2 5.0 0.27
TBV 0.12 17.7 17.6 0.29
ORC 0.99 8.36 8.36 0.42
and RMa are extracted from the measurements conducted
at the frequencies of 900MHz and 1800MHz. Generally,
radio signals with higher frequency tend to suffer from
more power loss of diffraction and reflection. So shadowing
correlation effects will be reduced if the frequency is higher.
Second, the correlation property in the blocked viaduct case is
comparable to that for the UMi case.These lower correlations
arise from for the dense tree obstruction, analogous to the
dense urban obstructions in UMi.
That correlation in typical HSR scenarios is smaller
than the correlation values in the cellular setting is worth
emphasizing. In [12], we find the decorrelation distance in
urban shadowing environments is smaller than the values in
open environments (rural area), (e.g., 𝐷 = 44m at 1.6 km
range and 𝐷 = 112m at 4.8 km range [6]). This also implies
that the decorrelation distance is greater at longer link
distances. In [17], the authors attributed this to the widths
of the buildings and other obstructions that are close to the
mobile, because the path profile changes most rapidly close
to such obstructions as the mobile moves around them. In
HSR measurements, the shadowing effect with respect to
the distance dependent average path loss is mainly caused
by the echoes from the large reflectors or scatterers and of
course the actual obstructions (e.g., trees). The effect from
scatterers is relatively small compared with that from the
blocking objects. The standard deviation of these shadowing
samples is relatively small, and the rapid train movement
induces rapid phase changes and hence reduced correlation.
In the blocked terrain, however, homogeneous large objects
(trees in our measurement) obstruct the propagation paths
between the transmitter and receiver for significant lengths
of travel, yielding higher correlation. This phenomenon was
also noted in [6].
5. Conclusion
A statistical analysis of shadowing propagation data obtained
frommeasurements carried out in typical HSR environments
was performed at 2350MHz. Based on the reverse arrange-
ment test method, the stationarity of shadowing data was
validated. By means of the stationary property, we can set
any geographical point between the transmitter and receiver
as the starting position when conducting the shadowing
evaluations, and we can use the experimental data from
one measurement run for the channel parameterizations
instead of large (and expensive-to-obtain) ensemble averages
(statistical averages).
In some prior work, an independent log-normal random
process was used for the shadowing characterization, but
because of the nature of real-world propagation, we showed
that the shadowing samples are indeed correlated.Three types
of autocorrelation models were compared for describing the
correlated shadowing propagation mechanisms. According
to our NMSE results, it was found that the single exponential
model offers the best fit for the three HSR environments, OV,
TBV, and ORC, yielding decorrelation distances of 11.9m,
17.7m, and 8.3m, respectively.The result of this work is useful
for the evaluation and verification of wireless communica-
tions in HSR scenarios, which can be directly used in wireless
coverage prediction.
Appendix
The WSS property can be verified by studying the variation
in the series of correlated shadowing samples. Here we use
the reverse arrangement test approach for the verification.
This method does not require knowledge of the sampling
distribution, and it involves the following: (a) computing
the mean square values of samples in each subinterval; (b)
performing the test of reverse arrangements. The main ideas
are described in Validation Procedure [13].
Validation Procedure is as follows.
(1) Consider a sequence of 𝑁𝑠 observations of a random
variable 𝜆, where the observations are denoted by 𝜆𝑖,𝑖 = 1, 2, 3, . . . , 𝑁𝑠. In the data analysis, the observation𝜆𝑖 represents the value of the shadowing samples at
the receiver.
(2) Define 𝜀𝑖𝑗 = {1, if 𝜆𝑖 > 𝜆𝑗; 0, otherwise}.
(3) Count the total number of reverse arrangements 𝐴 =
∑𝑁𝑠−1𝑖=1 𝐴 𝑖, where 𝐴 𝑖 = ∑𝑁𝑠𝑗=𝑖+1 𝜀𝑖𝑗. For example, 𝐴1 =
∑𝑁𝑠𝑗=2 𝜀1𝑗, 𝐴2 = ∑𝑁𝑠𝑗=3 𝜀2𝑗, and 𝐴3 = ∑𝑁𝑠𝑗=4 𝜀3𝑗.
(4) Calculate the acceptance region for the hypothesis.
If the sequence of 𝑁𝑠 observations is independent
observations of the same random variable and for
𝑁𝑠 ≥ 10, the distribution for the number of reverse
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arrangements is approximately a normal variable with
amean and a variance as follows [13, 18]:𝜇𝐴 = 𝑁𝑠(𝑁𝑠−1)/4, 𝜎2𝐴 = 𝑁𝑠(𝑁𝑠 − 1)(2𝑁𝑠 + 5)/72.
(5) Verify the stationarity hypothesis according to the
acceptance region:𝐴𝑁𝑠 ;(1−𝛼/2) < 𝐴 ≤ 𝐴𝑁𝑠 ;𝛼/2, where 𝛼
is the desired level of significance for the test; usually
𝛼 = 0.05.
Now let it be hypothesized that the shadowing sample
data are stationary. According to [13], we can get the accep-
tance region for this hypothesis for our data as 𝐴20;1−0.05/2 =64 ≤ 𝐴 ≤ 𝐴20;0.025 = 125. Note that when the amount of
the intervals of 𝑁 is less than or equal to 20, we can directly
use the total number of reverse arrangements of 𝐴 without
the normalization. From Table A.6 in [13], for 𝛼 = 0.05,
𝐴20;(1−𝛼/2) = 𝐴20;1−0.05/2 = 64 and 𝐴20;𝛼/2 = 𝐴20;0.025 = 125.
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